Abstract The objective of this study is to understand the rainfall-runoff processes of the meso-scale Chemoga and Jedeb catchments in the Abay/Upper Blue Nile basin, Ethiopia. Distributed conceptual modelling and different field data were used in the modelling process. Three different model representations with varying model complexity were employed to test the appropriate model structure. Parameters were conditioned within the Generalized Likelihood Uncertainty Estimation (GLUE) framework using both discharge and environmental isotope information indicating the ratio of new and old water during the wet season. It was demonstrated that the two catchments cannot be modelled equally well with the same model structure due to differences in the rainfallrunoff processes caused by different amounts of wetlands leading to different hydrological responses. Hence, a single model structure for the entire Abay/Upper Blue Nile cannot do justice to all the dominant hydrological processes in the various sub-catchments in the basin.
INTRODUCTION
Understanding rainfall-runoff processes within the catchment of the Abay/Upper Blue Nile is crucial for sustainable management of the limited water resources in the basin (Kim and Kaluarachchi 2008, Steenhuis et al. 2009 ). Hydrological models are increasingly important to investigate the hydrological system dynamics and to predict the potential impacts of changes in the catchment on the discharge regime at various spatial and temporal scales (Wagener et al. 2001, Buytaert and Beven 2011) . However, developing hydrological models to support the management of real-world problems is a challenging task in hydrology (Kirchner 2006 , Savenije 2010 .
On the one hand, observations of climatic and hydrometric datasets are scarce, in particular in the developing world, and subject to measurement errors; therefore, it is problematic to study hydrological processes and their relationship to catchment characteristics at the right spatio-temporal scales based on observation. On the other hand, existing hydrological models are often inadequate to simulate the dominant hydrological processes owing to parameter and model structural uncertainties (Uhlenbrook et al. 1999 , Sivakumar 2008 , Savenije 2009 , Clark et al. 2011a .
The literature covers different approaches to conceptualize and model dominant hydrological processes within a flexible modelling framework. Clark et al. (2008 Clark et al. ( , 2011a tried to identify the most appropriate model using a range of existing model structures. Fenicia et al. (2007 Fenicia et al. ( , 2008a introduced a fully flexible model structure to understand catchment behaviour. Savenije (2010) suggested making use of hydrological landscape classification to identify model structures that best describe the dominant hydrological processes in a catchment. Clark et al. (2011b) and Buytaert and Beven (2011) formulated multiple working hypotheses to test the appropriate representation of hydrological systems. However, with this large number of published works, understanding catchment processes still needs the development of low parameterized models with less predictive uncertainty (Savenije 2001 , Sivapalan 2009 ).
The uncertainties stemming from different sources, namely, forcing data, model parameters and model structure, exert additional challenges for predicting hydrological impacts of changes in land use and climate. Numerous publications already address hydrological model development and uncertainty analysis (e.g. Beven and Binley 1992 , Uhlenbrook et al. 1999 , Sivapalan et al. 2003 , Vrugt et al. 2003 , Wagener et al. 2003 , Beven 2008 , Sivapalan 2009 . However, the literature shows limited applications in data-scarce environments . Therefore, constraining model parameters using auxiliary data, such as environmental isotopes, in addition to streamflow data, has the potential to increase the degree of trust in model prediction (Seibert and McDonnell 2002, Wissmeier and Uhlenbrook 2007) . For instance, conditioned the model parameters by defining limits of acceptability within the Generalized Likelihood Uncertainty Estimation (GLUE) framework. They implemented a distributed conceptual model in the data-scarce Luangwa basin in Zambia, using soft information such as expert judgment, and hard information in the form of observed hydrological signatures (based on hydrograph analysis). In particular, data from the recession characteristics of flow and spectral properties of discharge series as target values were considered as hard information. Son and Sivapalan (2007) used stable environmental isotope data in conjunction with groundwater level measurements for improving the model structure, parameter identifiability, and reduced predictive uncertainty for the Susannah Brook catchment in Western Australia.
There exists a considerable amount of literature on the hydrology of the Abay/Upper Blue Nile basin, ranging from simple monthly water balance models to relatively simple conceptual models (e.g. Conway 1997 , Kebede et al. 2006 , Kim and Kaluarachchi 2008 , Steenhuis et al. 2009 , Uhlenbrook et al. 2010 . More complex models, such as the Soil and Water Assessment Tool (SWAT) model, were applied in Lake Tana sub-basin (Setegne et al. 2010) . Easton et al. (2010) and White et al. (2010) developed the modified SWAT-WB water balance model that takes in to account the saturation excess runoff routine for predicting both flow and sediment in the Blue Nile basin. The findings of these studies showed that overland flow occurs most often at the bottom of the hillsides. However, most of those studies were conducted on a large scale to analyse the flow at the outlet at the Ethiopia-Sudan border. Some of the studies are limited to Lake Tana sub-basins with limited spatial coverage of precipitation data (Haile 2010) . Moreover, no auxiliary data have been used to support model construction, calibration or validation. Collick et al. (2009) used a semi-distributed water balance model based on the Thornthwaite and Mather (1955) ) and Mayber (1.13 km 2 ). They reported that, with similar calibrated parameters used in small catchments, the model is able to predict flow reasonably well with equal Nash-Sutcliffe efficiency at the larger Blue Nile scale and the scale effect is minimal. However, hydrological processes are heterogeneous at all spatial and temporal scales (e.g. Blöschl and Sivapalan 1995) , and linking the processes in scaling relationships is key to identifying process controls on the appropriate spatio-temporal scales (Didszun and Uhlenbrook 2008) .
Recently, Tilahun et al. (2013a Tilahun et al. ( , 2013b Tilahun et al. ( , 2014 ) developed a coupled flow and sediment model which was tested in small experimental catchments within the Upper Blue Nile basin, with sizes ranging from 0.95 km 2 at Debre Mawi to 4.8 km 2 at Andit Tid catchment, and at larger scale in the Upper Blue Nile (174 000 km 2 ). The model is based on the landscape as different runoff generation units: in the hillside degraded area, direct runoff is conceptualized, in the middle hillside infiltration zone, recharge, interflow and baseflow are conceptualized, and saturated overland flow was assumed to occur at the saturated bottom area at the foot of the hillslopes near to the river. Their results showed that the model reproduces the observation well and they reported that saturation excess runoff is the dominant mechanism both at the smaller scale and at the larger basin scale.
The weakness of these past researches in the Upper Blue Nile is that the prediction of flow is evaluated using a single objective measure, i.e. the Nash-Sutcliffe efficiency (E NS ). Hence, the information content in the hydrographs was explored only during high flows. Furthermore, no techniques have been employed to handle equifinality in a feasible parameter space using methods of uncertainty assessment (e.g. Beven and Binley 1992, Vrugt et al. 2003) .
The present paper focuses on investigating the rainfall-runoff processes of Chemoga and Jedeb meso-scale catchments. Unlike the previous studies, we used a combination of hydrometric, stable isotope data and field process knowledge to constrain model parameters during the calibration process in a multiobjective sense, and parameter uncertainty was assessed using the (GLUE) methodology. The catchments are headwater catchments in the Abay/Upper Blue Nile basin; both are mountainous and dominated by agricultural land use.
The objectives of this study are: (1) to identify the dominant hydrological processes in these catchments, and (2) to demonstrate the value of isotope data in constraining model parameters and in reducing predictive uncertainty. Blue Nile River, and are located south of Lake Tana. They originate from the Choke Mountains at an elevation of 4000 m a.s.l. and drain to the Abay/Blue Nile basin (see Fig. 1 ). The climate in these catchments has a distinct seasonality with three seasons: summer, June-September (main rainy season), winter, October-February (dry season), and spring, MarchMay (short rainy season) (NMSA 1996) .
The climatic and hydrological variables mentioned in the following were computed over the period [2009] [2010] [2011] . The annual rainfall ranges between 1300 and 1600 mm/year in the lower and upper part of the catchments, respectively. The mean annual average temperature computed for four stations is 13.9°C in Chemoga and 15°C in Jedeb catchment. The catchment mean annual temperature and potential evaporation were computed using the Thiessen polygon method. Due to the limited climatic data availability, the average annual potential evaporation computed using the Hargreaves method amounts to 1340 mm year -1 in Chemoga and 1390 mm year -1 in Jedeb catchment (Hargreaves and Samini 1982) . The mean annual discharges in Chemoga and Jedeb catchments are 6.6 and 7.9 m 3 s -1 , respectively. In these two catchments subsistence farming is commonly practiced, farmers relying on rainfed agriculture for their livelihood. Barley, oats and potatoes are the main crops grown in the upland areas, whereas wheat, tef and maize are grown in the middle and lower parts of the catchments. According to the study by Bewket and Sterk (2005) , the land use in Chemoga catchment has been subject to changes since the 1950s. The major change was an increase of the cultivated area at the expense of the open grazing area and a slight increase in plantation forest cover due to eucalyptus plantations. This is supported by a recent study by Teferi et al. (2013) , who showed that 46% of the Jedeb catchment experienced transition from one land cover to another over 52 years. Nowadays, about 70% of the land is used for agriculture and 3% is covered by forest plantations.
The soil types in these catchments are Haplic Alisols, which are a deep soil with silty-clay texture; Haplic Luvisols, well drained soil with clay to silty clay texture; and Eutric Leptosols (moderately deep soil), with clay loam to clay texture (BCEOM 1998a) . However, due to erosion problems, most of the soil under different land use is getting thin. The main geological formation in the study area is Termaber basalts, which are part of the Tertiary Shield group. Termaber basalts are underlain by the Blue Nile basalts, which are part of Ashangi group and are underlain by the Mesozoic Adigrat sandstones (BCEOM 1998b).
Data sources
Streamflow datasets based on manual water level measurements (daily at 06:00 and 18:00 h) for the periods 1 July 2009-31 July 2012 and 1 July 2009-31 May 2012 were collected at the Chemoga and Jedeb gauging stations, respectively. Stage-discharge relationships were developed to derive discharge time series representing the different flow regimes.
A network of 10 manual raingauges was established in July 2009 for representing the spatial and temporal distribution of precipitation and for the purpose of better understanding the rainfall-runoff relationship. Consequently, daily precipitation data were collected from these stations over the same period as the streamflows. Daily temperature data at Debere Markos station over the same period were obtained from the National Ethiopian Meteorological Agency.
METHODOLOGY

Model set-up
A lumped conceptual distributed model has been used to understand the rainfall-runoff processes of Chemoga and Jedeb catchments. The model structures were programmed with the PCRaster modelling software (Wesseling et al. 1996) with a grid size of 200 m × 200 m. PCRaster modelling offers a programming environment for distributed modelling (e.g. Karssenberg et al. 2001 , Ott and Uhlenbrook 2004 , Wissmeier and Uhlenbrook 2007 . It also offers the opportunity to account for spatial heterogeneities of land use, soils and topography. The spatial maps are combined using a dynamic modelling script to represent the different process descriptions of the hydrological system.
PCRaster uses the local drainage direction map extracted from the digital elevation map to simulated lateral flows. At each time step in each grid cell the surface runoff accumulated through local drainage direction generated the river flow without an additional routing routine. Note that the modelling time step is daily and it is assumed that the runoff concentration processes are faster than the modelling time that had to be applied due to data availability. An additional routing routine would have increased the model complexity and, thus, the number of parameters and associated model uncertainty. The model structure used is a modification of the lumped elementary watershed model applied in the Upper Zambezi River basin The model used distributed inputs of precipitation, potential evaporation and soil moisture states. However, all the parameters are lumped. In Chemoga the wetland is modelled with the assumption that the fluxes from unsaturated storage first fill the saturated storage until a threshold depth S s , th [L T -1 ] is exceeded. The flux above this threshold depth spills into the storage of the wetland defined by area of wetland (A w ) (Fig. 2 ). This implies that the recharge from the hillslopes feeds the groundwater, as a result of which the saturation in the wetland expands. The wetland storage also has a threshold depth S w , th [L T -1 ]; when this threshold is exceeded the fast discharge is modelled according to a linear storage-discharge relationship. At a daily time scale, interception can be modelled by a simple threshold process, whereby the evaporation from interception is less than the minimum of the daily interception capacity, the potential evaporation and the daily rainfall (De Groen and Savenije 2006). Modelling rainfall-runoff in the UBN basin 2033
where
] is the daily interception capacity and E p is the potential evaporation [L T
-1 ]. The precipitation exceeding the maximum threshold for interception is the effective precipitation P e [L T and maximum soil moisture capacity S max [L] to the shape factor β [-], which describes the spatial distribution of the soil moisture in the catchment.
The percolated water
is computed using the linear relationship of the soil moisture with the maximum percolation rate P max [L T -1 ] computed using (Fenicia et al. 2006) :
The actual evaporation from the unsaturated reservoir
] is computed according to:
] is the potential transpiration and L p is the fraction of S max below which T p is constrained by S u .
The flux Q f from the fast reservoir S f and Q s from the slow saturated reservoir S s were modelled as the linear reservoir storage-discharge relationship according to:
] is the fast reservoir coefficient and
] is the slow reservoir coefficient. The observed peak flows in the Jedeb catchment are modelled by inclusion of a threshold depth for the volume of water exceeding the maximum capacity of fast reservoir S f , max for overland flow generation,
, computed as follows:
The descriptions of model parameters and their prior ranges are shown in Table 1 . In Table 1 , ✓ indicates that parameters are used and determined during calibration. The maximum interception threshold is fixed as 2 mm d -1 for the dominant land-use type of agriculture. This value is assumed to be adequate for most of the river basin in Africa (De Groen and Savenije 2006) . Time scales for the slow reservoir parameter were determined from the master recession curve as 0.183 and 0.204 d -1 for Chemoga and Jedeb catchments, respectively.
Calibration of parameters
Manual calibration was used initially by adjusting parameters in an iterative way until the observed system output exhibited an acceptable level of agreement with model output, based on a NashSutcliffe efficiency (E NS ) greater than 0.7 for daily simulation. This helped to fix the range of parameters for automatic calibration and to distinguish preliminary sensitive model parameters, which reduce the calibration time during automatic calibration. In a second step, multi-objective calibration following the method by Gupta et al. (1998) and Boyle et al. (2000) was used to calibrate the model, acknowledging the different characteristics of the hydrograph during high flows and low flows. The Monte Carlo Analysis Tool (MCAT) (Wagener et al. 2003) was used for calibrating the parameters in a feasible parameter space. The feasible parameter space is defined based on past research experience within the basin, e.g. Uhlenbrook et al. (2010) , expert judgement from field observation and preliminary results of manual calibration. A uniform random sample of 10 000 Monte Carlo (MC) runs was implemented using MCAT. Two objective functions based on the Nash and Sutcliffe (1970) efficiency criterion were used: the Nash-Sutcliffe efficiency of the discharge (F HF ) and the NashSutcliffe efficiency using logarithmic discharge values (F LF ), with the aim to give equal weight to high and low flows, as described in equations (12) and (13), respectively:
where Q sim,i (m 3 s -1 ) is the simulated streamflow at time i, Q obs,i (m 3 s -1 ) is the observed streamflow at time i, n is the number of time steps in the calibration period and the over-bar indicates the mean of observed streamflow. The objective function F HF was selected to minimize the errors during high flows (using the same formula as for E NS ), and F LF uses logarithmic values of streamflow and improves the assessment of the low flows.
Constraining model parameters using isotope data
The usefulness of additional auxiliary data to gain confidence in the model prediction has been demonstrated by many authors (e.g. Seibert and McDonnell 2002 , Sieber and Uhlenbrook 2005 , Son and Sivapalan 2007 , Fenicia et al. 2008b ). In this paper isotope information has been used to further constrain the model parameters.
Results from a two-component mixing model for separating the hydrograph at the seasonal time scale have been used (for details see Tekleab et al. 2014) . The flow chart describing the methodology is shown in Fig. 3 . Fig. 3 Schematic representation of the methodology adopted for calibration and analysis of predictive uncertainty.
The methodology described above was implemented in a Monte Carlo experiment within MCAT (Wagener et al. 2003) (d) Any model realization results from the Monte Carlo runs, which satisfy the given average fraction (%) of new and old water within the limits mentioned in step (a) are accepted as behavioural models and any realizations outside the limits are considered as non-behavioural models and rejected. (e) Finally, the retained behavioural models are used for the uncertainty assessment described in Section 3.4.
Parameter sensitivity and uncertainty analysis
Sensitivity analysis of the parameters notifies to what extent the model output is affected by model parameter variations. Generally, insensitive parameters are not well identifiable in the parameter space and they are a sign of over-parameterization (Fenicia et al. 2008b) . Among the sensitivity analysis methods, the Regional Sensitivity Analysis (RSA) is most commonly used in hydrological modelling studies (e.g. Freer et al. 1996 , Wagener et al. 2001 , Sieber and Uhlenbrook 2005 . The RSA method is based on uniform random sampling of the parameter space and needs a large number of parameter samplings to cover the parameter space. We used the extended RSA, which is implemented in the MCAT (Wagener et al. 2001 (Wagener et al. , 2003 . The prediction of discharge uncertainty was assessed using the GLUE methodology within MCAT. A MC run of 10 000 iterations was employed to differentiate between behavioural and non-behavioural sets of parameters (Freer et al. 1996) . For discharge prediction in both catchments, (Table 2) for the model representation M 1 , threshold values greater than 0.7 were subjectively chosen to retain the behavioural models, while for model representations M 2 and M 3 those parameter sets that met the criteria of new and old water fraction flow described in Section 3.3 were taken as behavioural models.
The 5-95% range of discharge predictions were computed using the following steps:
(a) for each behavioural parameter set, the likelihoods from the MC simulations were arranged in descending order; (b) the likelihood values were normalized between 0 and 1 so that they are changed to probability values and the posterior distribution has a cumulative value of 1 (Beven and Binley 1992); and (c) for each time step the discharges corresponding to 95% and 5% probabilities from the behavioural models were computed and prediction intervals were constructed.
RESULTS AND DISCUSSION
Model development
The results of different types of models to represent the hydrological system in both catchments are given below.
The results of the hydrograph simulation for the calibration and validation periods are shown in Table 3 . It is illustrated that in both catchments the model structure M 1 gives higher model performance considering the match between observed and simulated discharge hydrographs. However, the model performances decrease if the model structure is modified and parameter values are conditioned using stable isotope information. This suggests that high model performance does not necessarily mean that the model comprises a realistic representation of the catchment behaviour (cf. Savenije 2001 , Sivapalan 2009 ). The M 3 model representation in both catchments is selected due to the fact that more additional processes are incorporated, parameters are conditioned based on isotope information, parameter identifiability, and less predictive uncertainty. Figure 4 presents the observed and simulated discharge results from M 3 for both catchments during the calibration and validation periods. It is demonstrated that the peak flows (note the related uncertainty) and the Table 3 Model performance efficiency measures for M 1 , M 2 and M 3 representations for the best model in the Chemoga and Jedeb catchments in terms of parameters conditioned using rainfall-runoff data alone and stable isotope information using daily simulation.
Catchment
Model structure Calibration Validation low flows were captured satisfactorily in both catchments. The mismatch of the recessions of the hydrograph at the time step of 450-500 (day) in the Chemoga catchment could be related to the uncertainties in discharge measurements. The wet season hydrograph separation results of Tekleab et al. (2014) in Chemoga and Jedeb catchments support the model architecture of M 2 taking into account overland flow processes and M 3 comprises an interception component as shown in Fig 2. The calibration results of the retained runoff component based behavioural models depict that almost the same level of model performance was achieved by constraining the model using isotope data, which later assessed the retained behavioural models based on the objective function towards both high-flow and low-flow conditions. However, during validation the model M 3 perform relatively better than M 2 , which shows the model is good during the validation period or in prediction than for the calibration period. Previous modelling studies suggest that the explicit inclusion of an interception component in rainfallrunoff models improved model efficiency (e.g. Savenije 2004 , Zhang and Savenije 2005 , Fenicia et al. 2007 , Love et al. 2010 . Other studies showed reduced model performance (Lindström et al. 1997) . In this study, the interception as a dominant process is evaluated using not only model performance but also its role in parameter sensitivity and overall predictive uncertainty (see Section 4.4).
The calibration results of model M 2 (see Fig. 2 ) in the Jedeb catchment, characterized by a fast responding reservoir without a threshold for the volume of water exceeding maximum capacity of fast reservoir capacity for an overland flow component, could not capture the daily streamflow peaks. This model representation was improved by the inclusion of a threshold depth for the volume of water exceeding the maximum capacity of fast reservoir for an overland flow component represented by M 3 (see Fig. 2 ). Consequently, the peaks of the daily streamflow were captured significantly better by the improved conceptualization.
Moreover, the result is in line with field observations of overland flow as a dominant runoff component occurring locally in the catchment during events. In these study catchments, due to intensive agricultural practices, the plough pan effect is prevalent in agricultural fields (Temesgen et al. 2012) . As a result, a thin layer of degraded soil above the pan is generated, shortly after the rainfall event's surface runoff. Hence, due to limited storage capacity, the saturation excess overland flow has occurred. If the rainfall intensity is greater than the infiltration capacity of the soil, infiltration excess overland flow would be generated. However, in the absence of detailed knowledge about rainfall intensities and soil physical characteristics, such a threshold conceptualization seems reasonable to capture the runoff generation mechanism in a simplified manner.
In terms of the visual inspection and performance measures, all models gave good simulation results. The modelling results in these two catchments highlight the potential of environmental isotope data in refining the initial perception of model representation and to better understand how the hydrological system is functioning. Moreover, the results using different model representations in these two catchments can be considered as reasonable due to the fact that the hydrological responses of the catchments are different. The long term annual water balance model results by Tekleab et al. (2011) show that a greater proportion of rainfall received in the Jedeb catchment is released as quick flow, while a greater proportion of water leaves the Chemoga catchment through evaporation due to the presence of extended wetlands.
The existence of wetlands, which cover about 10% of the catchment area in Chemoga, is likely the reason for their differences in hydrological responses, in particular on the annual water balance. Furthermore, the wetland creates a smoothing effect on runoff response before it reaches the gauging station and results in lower total observed discharge as compared to Jedeb catchment (Fig. 4) . Similar conditions within Abay basin show that the neighbouring catchments, Gilgel Abay and Koga, in the same climatic setting could not be represented by the same model structure, due to the larger extent of wetlands in the latter catchment. Thus, transferability of model parameters or prediction at ungauged catchment is challenging (Uhlenbrook et al. 2010) . Moreover, within the Upper Abay/Upper Blue Nile basin, a study by Kim and Kaluarachchi (2008) substantiates our result that prediction in the un-gauged basin within the Blue Nile basin is very challenging as the model parameters regionalized at different basin scales were not transferable to one another due to different basin responses.
Stable environmental isotope data
The model M 3 results presented in Fig. 4 were obtained using the stable isotope information by constraining the model parameters during calibration. In a first step, we calibrated the model using only the rainfall-runoff data utilized for model M 1 for both catchments. However, the model prediction results were evaluated only in terms of runoff simulation performance. The calibration results show high model performances (Table 3 ). Nevertheless, model performance and identifiability of parameters alone could not assure the adequacy of appropriate model structure (Uhlenbrook et al. 1999 , Wagener et al. 2003 . It is important to note that the model simulation results using isotope information are conceivable. This is due to the fact that the isotopes provide additional prior information about the proportions of different runoff components in the catchment (Uhlenbrook et al. 2002 , McGuire et al. 2005 .
For instance, in the Chemoga catchment the model structure M 1 (Fig. 2) was conceptualized with the assumption that rapid sub-surface flow is the dominant runoff generation mechanism in this catchment. Thus, it was hypothesized that rapid sub-surface flow joins the streamflow more or less immediately after the rainfall events. Although the modelling results were good in terms of performance measures, the isotopes study by Tekleab et al. (2014) in the same catchment reveals the dominance of the overland flow component during the main rainy season. Thus, the stable isotope data provide information about the flow pathways to improve the initial process conceptualization by including the overland flow component. Thus, the isotope data help to refine our earlier perception of the model structure in a way that the parameters are conditioned using percentage fractions of new and old water components and inferred flow pathways in these catchments.
Similarly, our initial assumption in the Jedeb catchment was that the parameter α was set to 1 to conceptualize that the slow groundwater flow component was completely fed by the maximum percolation flux, P max , from the unsaturated zone to the saturated zone, and the quick flow component as overland flow was considered to be dominant (100%) during rainfall events. This is because the parameter P max is obviously important during the long dry season (October-February) and during the spring season (March-May) to sustain persistent low flow.
Thus, the contribution from the slow flow component during the main rainy season was too small to meet the proportion of different runoff components obtained by the use of isotope data as depicted by the wet season hydrograph separation. The hydrograph separation results using isotopes exhibit a conceivable proportion with a range of values for slow flow (36-48%) and quick flow (52-64%) components during the wet season for the Jedeb catchment. This in turn highlights the weakness of the earlier model structure M 1 and demonstrates the importance of the parameter α for the new model structures (Fig. 2) , represented by M 2 model architecture that accounts for the fraction of rapid subsurface flow and M 3 also included to capture the larger peaks. Overall, the modelling results using isotopes as auxiliary data yielded good results. The results demonstrate the potential of this data similarly to previous studies that also advocate the power of stable environmental isotope data in rainfall-runoff modelling (e.g. Seibert and McDonnell 2002 , Uhlenbrook and Hoeg 2003 , Son and Sivapalan 2007 , Birkel et al. 2010 ).
The dominant runoff mechanism
In this study, different model representations and stable isotope data were used to better understand the behaviour of the two catchments. It was demonstrated that the hydrological systems could not be modelled well by the same model structure due to the differences in the hydrological processes and behaviour. Consequently, application of stable isotope data for wet season hydrograph separation in combination with testing different model structures has provided insights about the dominant runoff generation mechanism in these two catchments. It could be shown that overland flow is the dominating flood runoff generation mechanism. In particular, saturation excess is important after a certain threshold is exceeded, which became apparent from the peak flow simulations (see Section 4.4). This suggests that the volume of runoff exceeding the maximum capacity of a fast reservoir is modelled as saturation excess overland flow. However, we cannot generalize that the dominant flood runoff generation mechanism in the whole Abay/Upper Blue Nile basin is saturation excess overland flow, as within the basin and even within neighbouring catchments hydrological behaviour varies considerably (e.g. Kim and Kaluarachchi 2008 , Uhlenbrook et al. 2010 , Tekleab et al. 2011 . Hence, a more detailed process and research accompanied by the application of more process based models at various temporal and spatial scales would be necessary for detailed understanding of the rainfall-runoff processes in the basin.
The results obtained are in line with the studies by Liu et al. (2008) , Collick et al. (2009) and Steenhuis et al. (2009) , who have shown that the saturation excess overland flow mechanism is the dominant runoff process in most small catchments in the Ethiopian highlands. However, process descriptions of the applied models are different from the present modelling approach. For example, Steenhuis et al. (2009) , classified the runoff contributing area into three classes, namely, hillslopes (precipitation runs off), contributing area rock outcrops, and contributing area saturated valley bottoms. In their approach, in the upland area direct precipitation runoff is conceptualized. In the mid-section of the landscape interflow and percolation are hypothesized, and saturation excess overland flow is conceptualized at the lower portion of the landscape. However, it was observed in the field and argued that flood runoff is generated as a result of saturation excess overland flow even in the upland area of the mountains or the hillslope towards the river.
The modelling results for a daily time step given in this paper are in agreement with similar hydrological studies in the region in terms of the obtained model performances using Nash-Sutcliffe efficiencies (E NS ) varying between 0.52 and 0.84, which compares well with the Uhlenbrook et al. In all of the previous modelling efforts, the performance measure E NS gave reasonable values in terms of matching the observation with the model. However, as pointed out by Gupta et al. (1998) and Schaefli and Gupta (2007) , a single objective measure such as E NS is not desirable due to the fact that the information content of the data explaining the different parts of the hydrograph could not be fully explored during the calibration process. Hence, it does not describe the actual process control that has taken place in a catchment.
The main difference between the model structures used in this paper and those of Steenhuis et al. (2009) and Tilahun et al. (2013a Tilahun et al. ( , 2013b Tilahun et al. ( , 2014 is that, in the present model, the overland flow is taken into account through threshold behaviour of the effective rainfall-runoff, which primarily satisfied the unsaturated reservoir and the rainfall excess beyond the maximum soil moisture capacity was modelled as a fast linear reservoir. Thus, in contrast to the above published papers, the field knowledge suggests that shortly after rainfall events saturation of the agricultural land has occurred in the hillslope due to limited soil moisture capacity of the soil as a result of ploughing activities.
In counterpart models, degraded land is assumed to be located in the most upper part of the landscape. This degraded area and the saturated area in the lower portion of the landscape are assumed to be the only runoff source areas. But, as far as most of the highland in the study catchments is concerned, degraded land is found throughout the landscape in different land use. Hence, the first-order streams that generated streamflow cannot be modelled well with their assumption that no slow flow component was considered. Furthermore, the interception component and the wetland were not explicitly accounted for in the previous models. In general, the constitutive relationships linking fluxes, states and stores are different (see equations (1)- (10)).
Unlike the previously applied models the approach in the present paper takes distributed fluxes, different processes, and additional data of the different runoff components during calibration into account, while remaining a simple conceptual model with fewer data requirements.
Nevertheless, there is a need for further process research supported by tracers, field observation and accurate measurements of precipitation, discharge, groundwater levels and soil moisture, which are crucial for better understanding of the runoff generation mechanism in all sub-catchments of the Abay/Upper Blue Nile basin.
Sensitivity and uncertainty analysis
The results of the parameter sensitivity analysis for the Chemoga and Jedeb catchments are shown in Figs 5 and 6, respectively. The cumulative normal distributions of parameter sets with the objective function with respect to high and low flows are shown for the different model structures M 1 (top), M 2 (middle) and M 3 (lower). The straight line in the figures indicates a uniform distribution when parameters are randomly sampled from the pre-defined feasible parameter space. An insensitive parameter would produce a straight line and the gradient of the cumulative distribution measures the parameter sensitivity (Wagener et al. 2003) . In the Chemoga catchment, the parameters β, K f , α and S w , th depict higher sensitivity, while parameters S max and S s , th show medium sensitivity. The parameters C and P max were least sensitive for both performance measures. The parameter β has a key role in transforming rainfall into runoff and controlling the spatial variability of the soil moisture in both catchments. This parameter is identifiable with respect to both objective measures.
In Fig. 5 , it can be noticed that the degrees of parameter sensitivity were different among M 1 versus M 2 and M 3 . Most of the parameters from M 1 are insensitive as compared to M 2 and M 3 . An increase in sensitivity of parameters is seen as we move from M 2 to M 3 . This might suggest that the explicit inclusion of the interception component has an effect on the sensitivity results of the other parameters. In general, the parameters α, K f , S max and S w , th are better conditioned using isotope information than in the case of M 1 using only rainfall-runoff data.
In the Jedeb catchment, the parameters K f , S f , max and α exhibit higher sensitivity, while the remaining parameters show less sensitivity under high-flow conditions. However, the parameter P max reveals relatively higher sensitivity and appears to be the most influential parameter during low-flow conditions. The higher sensitivity of β, K f , α and S w , th and S f , max for both performance measures indicate that these parameters are equally important during different response modes of the system in both catchments. Overall, the degrees of sensitivity of parameters in the Jedeb catchment are less in M 1 and more sensitive in M 2 and M 3 . For example, the high-flow parameter S f , max and the low-flow parameter P max exhibit more sensitivity in M 2 and M 3 . Figure 7 shows the 95% discharge prediction uncertainty results from a MC analysis for the different model representations in both catchments. Among 10 000 MC runs in the Chemoga catchment, for M 1 , with a threshold rejection criterion greater than the NashSutcliffe efficiency value of 0.7, 4707 behavioural parameter sets were used for the discharge prediction uncertainty. For the M 2 and M 3 model representations, about 581 and 1296 behavioural sets fulfilled the fraction of new and old water percentage flow. Similarly, in Jedeb catchment for M 1 with the same threshold rejection criteria greater than 0.7, 1080 behavioural parameter sets were used for the discharge prediction uncertainty. However, for the M 2 and M 3 model representations in the Jedeb catchment, the number of behavioural parameters sets that met the criteria was found to be 1841 and 1223, respectively.
Noticeable differences in prediction bands among the different model representation are seen for both catchments. In both catchments, the uncertainty band width is decreasing from M 1 to M 3 . This suggests that the predictive uncertainty is decreasing for the model representation M 3 in both catchments. In the Jedeb catchment, the uncertainty band is much greater in M 1 , and most of the peak discharges were not fully captured by M 2 and the observed discharge is out of the prediction band. However, the peaks were well captured by M 3 and the relative uncertainty band width is decreasing.
To summarize, it is found that the performance measures, the sensitivity, and the predictive uncertainty were different for the different representations M 1 , M 2 and M 3 in both catchments. The different model representations using rainfall-runoff data and additional information on stable isotopes (i.e. new and old water contributions) offer the possibility to decide on the best model representation not only based on the model performances but also based on the adequacy of the model structure in terms of both identifiability and reduced predictive uncertainty.
Model M 3 represented the hydrological system best in both catchments. The results might be further improved with more detailed additional information on groundwater level, fine resolution isotope data and soil moisture data in further research. 
Limitations of the method
The main limitation of the approach used is that the parameters are conditioned only with the wet season hydrograph separation results obtained by stable environmental isotope data. Furthermore, different quantitative information such as groundwater levels or soil moisture data is lacking to further increase the trust in the model structure. Another limitation is that, during the hydrograph separation, the end member isotope concentrations were prone to uncertainty, which does not give exact values of the different fractions of runoff components (see e.g. Uhlenbrook and Hoeg 2003) . Another shortcoming of the method is the need for more computational time required to complete sufficient Mote Carlo simulations due to the grid size of the PCRaster model coupled with MCAT in MATLAB. Thus, the method used has an influence when testing different model structures within a short period of time. However, the methodology still gives promising results with regard to retaining behavioural models that are deemed to be avoiding the subjectivity of selecting the threshold value of the likelihood measure in the GLUE methodology. The isotope data coupled with the modelling and further field observations provided considerable insights into the different runoff generation processes and runoff components.
CONCLUSIONS
The objective of this study was to understand the dominant hydrological processes in two headwater tributaries of the Abay/Upper Blue Nile basin. A conceptual distributed modelling approach was used in combination with different field observations. Different model representations were employed to represent the hydrological processes. The application of environmental isotope data has been used to constrain model parameters during calibration by separating the total runoff into fractions of new and old water components during the wet season. The different model representations give different results in terms of the ability to produce the observation, parameter sensitivity, and predictive uncertainty.
Based on the process description, parameter identifiability, and predictive uncertainty, the M 3 model representations seem to be adequate in describing the hydrological behaviour in both catchments. The results demonstrate the dominance of surface runoff generation during events in both catchments. This is in agreement with the field observation that the prevalent effect of soil erosion is due to the dominance of overland flow.
It has been demonstrated that the isotope data are useful to constrain model parameters, which in turn give further insights into the dominant runoff components. The isotope data as auxiliary information enabled selection of a suitable model structure and reduced the predictive uncertainty.
Moreover, the modelling results show that the two catchments cannot be modelled by the same model representation owing to differences in landscape composition and related hydrological systems behaviour. Therefore, a single model representation for the whole Abay/Upper Blue Nile is not sufficient to capture the dominant hydrological processes in the various sub-catchments. Landscape based modelling, taking account of the proportion of dominant runoff generating mechanisms of different landscape elements, may offer a promising avenue (Gharari et al. 2013 , Gao et al. 2014 in this regard.
Future research will attempt to improve the understanding of the space-time variability of hydrological processes and the modelling results further with additional field observations such as groundwater levels, soil moisture and fine resolution of spatial and temporal variation of environmental isotope data. Furthermore, for better understanding of the hydrological behaviour of the whole basin, similar research in different tributaries of the Abay/Upper Blue Nile basin is needed as well as ways to regionalize small-scale process understanding.
